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This paper exploits two essential observations. First, lack of arbitrage implies that the same
stochastic discount factor (SDF) must price both stocks and durable goods simultaneously. Second,
the durable goods price-rent ratio is a rational forecast of future SDFs, and hence predicts future
expected returns on stocks. I run a predictive regression horse race on Fama-French portfolios.
The results suggest that none of the popular predictive macro-variables forecasts returns on these
portfolios, except the durable goods price-rent ratio. In particular, I can predict small-minus-big
portfolio (SMB) with R
2 around 30% at 4 year horizon.
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11 Introduction
Theoretical asset pricing literature has long predicted that the martingale property of stock prices is not
a necessary outcome of equilibrium in dynamic rational expectations economies. In a seminal paper,
Lucas (1978) suggests that ”... the presence of a diminishing marginal rate of substitution of future for
current consumption is inconsistent with this property.” As early as 1982, Shiller writes ”Most people
feel they have some idea how variable such discount rates are and generally they feel discount rates
are not highly variable. For example, most people feel that stock-price changes are due primarily to
diﬀering expectations about future dividends rather than varying rates of discount. ... From my point
of view, big movements in discount rates seem plausible.”. Since then, it has become a well-established
empirical fact that asset returns contain signiﬁcant temporary components1. Indeed, broad asset classes
such as bonds, stocks or foreign exchange are predictable by interesting macroeconomic variables. The
behavior of stocks in particular has been subject to rigorous empirical scrutiny. Unfortunately, with rare
exceptions the primary focus in these studies has been the value- or equal- weighted market portfolio.
That the world is more complex than we have thought was cogently set forth in a series of articles by
Fama and French (1992, 1993). They discovered economically important co-movement across interest-
ing classes of common stocks and it is now a well-accepted fact that there are multiple risk factors in
stock returns. For instance, small and value stocks are riskier than big and growth stocks and therefore
command higher expected returns. However, virtually nothing is known about the magnitude of their
temporary components. Do the popular macroeconomic variables such as aggregate price-dividend ra-
tio, the co-integrating residual cay of Lettau and Ludvigson (2001), the diﬀerence in (log) growth rates
of of consumer durables over nondurables of Yogo (2005) or the share of consumption ﬁnanced by labor
income of Santos and Veronesi (2005), successfully capture the temporal variation in discount rates on
these interesting portfolios? As it turns out empirically, the answer is not in the aﬃrmative.
This paper proposes a novel predictive variable, durable goods price-rent ratio, and using state-of-
the-art econometrics it demonstrates its predictive potency of small and value stocks. There are two
essential observations exploited. First, no arbitrage implies that the same stochastic discount factor
1See for example the contributions (in alphabetical order) of Baker and Wurgler (2000), Bekaert and Hodrick (1992),
Campbell (1987, 2003), Campbell and Shiller (1988a, 1988b), Campbell and Yogo (2005), Cochrane (1991, 1994a, 1994b,
2006), Cochrane and Piazzesi (2005), Conrad and Kaul (1989), Fama and French (1988a, 1988b, 1989), Hodrick (1992),
Jegadeesh (1990), Kothari and Shanken (1997), Lamont (1998), Lewellen (1999, 2004), Lettau and Ludvigson (2001), Lo
and MacKinley (1988), Pontiﬀ and Shall (1998), Santos and Veronesi (2004)
1(SDF) must price both stocks and durable goods. Second, the durable goods price-rent ratio is a rational
forecast of future SDFs, and hence predicts future expected returns on stocks. A natural interpretation
of this measure is as a ratio of an asset price over the current cash ﬂow. If there are no arbitrage
opportunities there exists a strictly positive, though not necessarily unique, stochastic discount factor,
that must price both stocks and durable goods. Assuming there are no rational bubbles, the price of
any asset equals the discounted value of the future cash ﬂows the owner of the asset is entitled to.
Speciﬁcally, the durable goods entitle the owner to collect the rental costs, and therefore the durables
price is the discounted value of all future rental costs. It is convenient to divide the durable price by
the current cash ﬂow - the rental cost of capital - to take care of a potential non-stationarity. Then,
by deﬁnition, the durables price over the rental cost must forecasts either future rates of growth in the
rental cost and/or future discount rates; that is, future expected returns on stocks2. For instance, a
high price-rent ratio predicts high discount factors; that is, high realized stock returns.
To obtain a measure of the rental cost of capital, I construct a dynamic rational-expectations two-
sector economy, where households work and trade in the market sector, and ”produce” consumption in
the household sector from the inputs purchased in the market. That is to say, I assume that households
accumulate the stock of durable goods, and ”produce” the services ﬂow using a (nonlinear) household
production function. I construct the rental costs as a marginal rate of substitution between the service
ﬂow from durable goods and nondurables. Using co-integration techniques I recover the whole (de-
meaned) price-rent ratio as an aﬃne function of a co-integrating residual.
I then run a predictive regression horse race on 25 Fama-French portfolios, and the small-minus-big
(SMB) and value-minus-growth (HML) portfolios. The results indicate that none of the popular pre-
dictive macro-variables forecasts returns on these portfolios, except the durable goods price-rent ratio.
In particular, I can predict small-minus-big portfolio (SMB) with R2 around 30% at 4 year horizon.
2Recall that the same discount factor must price both stocks and durable goods, if there is no arbitrage.
22 Theoretical Framework
2.1 Intuition
The assumption of a perfect market renders irrelevant the decision of whether to purchase or rent
durable goods. This idea is formalized in the following no-arbitrage condition
RCt = Qt − (1 − δ)Et[Mt+1 Qt+1] (1)
The symbol M stands for the abstract Harrison-Kreps (1979) stochastic discount factor. The left-hand
side of the equation corresponds to the cost of renting, denoted RC. The right hand side is the net
present value (NPV) of acquiring the durable good at price Qt, and selling it the next period for Qt+1.
Note that the good depreciates at a rate δ per period. The equation must hold in equilibrium; otherwise,
there’s an evident arbitrage.


















Manifestly, the price-rent ratio Q/RC is a rational forecast of future discount factors M, and expected
future growth rates in the rental cost RC. For instance, a high price-rent ratio Q/RC predicts high
future discount factors.
Note that the no-arbitrage condition displayed above implies that the same discount factor M must
price both stocks and consumer durables3. In view of this, high price-rent ratio Q/RC predicts high
future discount factors, that is, low future expected stock returns and thus high realized stock returns.
I exploit this observation in the empirical section where I run horse-races between various popular
predictive variables on relevant assets, such as real risk-free rate, equity premium, small-minus-big
portfolio, value-minus-growth portfolio, and each of 25 Fama-French portfolios.
2.2 Obtaining a Yardstick of Rental Cost
The rental cost of durable goods is unobservable and is imputed using a dynamic model with home
production. That is to say, I assume that the representative investor has time-separable Von-Neumann
3In fact, it must price all assets, including ﬁnancial assets, consumer durables, housing etc.








The felicity function takes the standard iso-elastic form u(C) = C1−γ/(1 − γ). The consumption itself
is composed of the nondurable goods and service ct, and the service ﬂow from the stock of the investor’s
durable goods st. I assume that the consumption index is of CES form












where a is the preference weight, and θ denotes the elasticity of intratemporal substitution. In addition,
the service ﬂow is produced using time- and state- independent non-linear household production function
s = f(d) , d
η (5)
The parameter η ∈ (0,1) is a measure of the diminishing returns in consumer durables d. The law of
motion for the durable goods is
dt = (1 − δ) dt−1 + it (6)
where it is the investment and δ denotes the depreciation rate. I choose the nondurables as numeraire
and denote Qt the price of the durable goods. The budget constraint is standard and is not displayed
here.
There are two ﬁrst-order conditions. The ﬁrst one is the inter-temporal Euler equation. It says that
in equilibrium the investor is indiﬀerent on margin between buying a stock, collecting a dividend and
selling it next period; that is,
uc(ct,st)Pt = Et [uc(ct+1,st+1)(Pt+1 + DIVt+1)] (7)
The other ﬁrst-order condition is intra-temporal. It says that the marginal utility per last dollar
spent is the same across all consumption goods. Speciﬁcally, suppose we buy an additional unit of
4nondurables at price one4. The marginal utility per last dollar spent is uc(ct,st)/1. On the other
hand, suppose we consume an additional unit of the services ﬂow. For that we need to rent 1/f′(dt)
units of household capital at a price RCt × 1/f′(dt). Therefore, the marginal utility per dollar spent is
f′(dt)us(ct,st)/RCt. In equilibrium, it must be true that the marginal utility per dollar spent is the



















Substituting in the functional forms, taking logs on both sides and multiplying by θ gives us






As the variables log(ct), log(dt) and log(Qt) are co-integrated5, we may run the regression (in levels)
log(ct) = δ0 + δ1 log(Qt) + δ2 log(dt) + εt (12)







= −ˆ θ−1 εt (13)
4Recall that nondurables are numeraire and therefore have price one.
5See Appendix B for estimation.
53 Empirical Results
3.1 Data Description
I use data from National Income and Product Accounts (NIPA), period 1947:Q1 - 2001:Q4. I classify as
nondurables the NIPA nondurable consumption and services which are seasonally adjusted at annual
rates (SAAR). I correct this by dividing the data by four. I construct the stock of durable goods as a




(1 − δ)t−i Ii (14)
with the depreciation rate δ = 6% per quarter. This corresponds to about 21.9% per annum, which is
consistent with Wykoﬀ (1970) estimates of a depreciation rate from resale values of automobiles. Ogaki
and Reinhart (1998) use value of 22 percent. All consumption data are converted to per-capita basis
by dividing by the population size at the end of the quarter.
Asset data are from Ken French’s web site. The risk-free rate is the three-month Treasury bill rate,
the market return is the return on the value-weighted portfolio of NYSE, AMEX and NASDAQ ﬁrms.
The 25 Fama-French portfolios, which are constructed at the end of each June, are the intersections of
5 portfolios formed on size (market equity, ME) and 5 portfolios formed on the ratio of book equity to
market equity (BE/ME). The size breakpoints for year t are the NYSE market equity quintiles at the
end of June of t. BE/ME for June of year t is the book equity for the last ﬁscal year end in t-1 divided
by ME for December of t-1. The BE/ME breakpoints are NYSE quintiles. The portfolios for July of
year t to June of t+1 include all NYSE, AMEX, and NASDAQ stocks for which Fama and French have
market equity data for December of t-1 and June of t, and (positive) book equity data for t-1.
3.2 Long-Horizon Forecasts of 25 Fama-French Portfolios
Predictability of asset returns is evidently conditioned upon the existence of temporary components in
returns. If prices follow a random walk, not much, in fact nothing, may be predicted. Appendix A
performs variance ratio tests for 25 Fama-French portfolios. Of these, it is value and growth stocks
that show the strongest mean reversion, and ought to be the most predictable. Are they? Previous
literature identiﬁed a rich set of interesting predictive variables, such as the aggregate price-dividend
6ratio p−div, Lettau and Ludvigson’s (2001) co-integrating residual cay, Yogo’s (2006) diﬀerence in (log)
growth rates of consumer durables and nondurable consumption ﬂow ∆d−∆c, or Santos and Veronesi’s
(2005) share of nondurable consumption ﬁnanced by labor income w − c. Unfortunately, none of these
popular predictive variables fares well in accounting for the temporary components of the 25 Fama-
French portfolios (including small-minus-big portfolio SMB and value-minus-growth portfolio HML).
In contrast, the empirical evidence in favor of the predictive ability of the durable goods price-rent ratio
Q/RC, which this paper advocates, is strong.
As a ﬁrst test of whether the durable goods price-rent ratio Q/RC adds any new insights compared
to the above-mentioned popular predictive variables, table 2, Panel B, calculates the sample correlation
between them and Q/RC. Evidently, the sample correlation is extremely small and reaches a maximum
value of paltry 12%.
To determine the predictive potency of Q/RC, I run the following regression
Yt+1 = δ′ Xt + ζ1
t+1 (15)
where Xt = [1, log(Qt /RCt)] and Yt is the log return of one of 25 Fama-French portfolios in excess of
three month treasury bill Yt = log(Ri,t) − log(Rf,t), i = 1,...,25. However, this regression may yield
poor results due to a noise in the independent variable. Therefore, to uncover low-frequency correlation




′ Xt + ζ(t + 1 : t + H) (16)
This should strengthen the signal while eliminating the noise. In fact, if returns are predictable, the
variance of the return increases less than proportionally with the investment horizon.
I consider the horizons H = 4, 8, 12, 16 and 20 quarters. I estimate the parameter vector δ using
OLS and compute the standard errors by mapping the estimation problem into the GMM framework.
The moment condition is that the residual ζ(t + 1 : t + H) is uncorrelated with the right hand side
variables Xt. Formally, E[Xt ⊗ ζ(t+1 : t+H)] = 0. Hansen (1982) demonstrates that the asymptotic
distribution of the parameter δ is Gaussian
√
T (δT − δ0) → N(0,Σ) (17)
7where δ0 is the true parameter, Σ = d−1 S (d−1)T and d = E[Xt X′
t]. I estimate the spectral density
matrix in three ways. First, I use the standard Newey-West estimator with Bartlett weight [Newey
and West (1987)]. Secondly, I use robust Hansen-Hodrick standard errors [Hansen and Hodrick (1980)].
Thirdly, I follow Hodrick (1992) and Ang and Bekaert (2004) and compute the so-called ”Hodrick
1B” standard errors. Ang and Bekaert (2004), p. 6, argue that ”... the performance of Hodrick
(1992) standard errors is far superior to the Newey-West (1987) standard errors or the robust GMM
generalization of Hansen and Hodrick (1980) standard errors...”. I conﬁrm that Hodrick 1B standard
errors are indeed the most conservative.
It is well-known that there are econometric problems with interpreting long-horizon regressions.
Firstly, the regressor log(Qt /RCt) is persistent, but although it is predetermined it is not exogenous.
Nelson and Kim (1993) and Stambaugh (1999) warn that this creates a small sample bias in favor of
ﬁnding predictability. In a Monte Carlo study, Mankiw and Shapiro (1986) show that if the forecasting
variable is highly autocorrelated, the actual size of the nominal 5% t-test is signiﬁcantly larger and thus
the rejection of the null hypothesis may require a stricter critical value than implied by the asymptotic
distribution. Elliot and Stock (1994) show that the standard normal distribution may not be a good
approximation to the true null distribution of the t-statistics, even asymptotically, and using critical
values from that distribution may lead to sizeable over-rejections. Granger and Newbold (1975) caution
against interpreting high R2s as evidence of a relationship when the data are positively autocorrelated
as it is in the case of overlapping returns. Kirby (1997) warns that long-horizon regressions can yield
large values of the sample R2 in situations where the population R2 is small or zero. Richardson
and Stock (1989) point out that using overlapping data in the long-horizon regressions induces serial
correlation in the error term and the HAC estimators are poorly behaved in ﬁnite samples. In fact,
Nelson and Kim (1993) ﬁnd that the standard errors tend to be underestimated, enforcing the over-
rejection problem. Valkanov (2003) demonstrates that OLS estimator in long-horizon regressions has
non-standard asymptotic properties. The slope coeﬃcient is inconsistent, t statistics do not converge to
well-deﬁned variables and rise with horizon, and R2s do not converge to 1 in probability. In response to
these criticisms, Hodrick (1992), Goetzman and Jorion (1993) and Nelson and Kim (1993) use bootstrap
methods. However, Stock (1997) and Lanne (2002) argue that the use of bootstrap methods in the long-
horizon regressions where the regressor has a near unit root is invalid. Elliott and Stock (1994) show
that when the regressor is persistent and shocks to the regressor are highly correlated (in absolute
value) with shocks to the predicted variable, in our case, excess returns, the t-test with the conventional
8critical values suﬀers from size distortions. The t-statistics distribution is skewed to the right and using
conventional critical values leads to the over-rejection of the null hypothesis of no predictability. To
address this issue, Cavanagh, Elliott and Stock (1997) use local-to-unity framework. Unfortunately,
the asymptotic t-statistics for the slope coeﬃcient depends on a nuisance parameter. Cavanagh, Elliott
and Stock suggest several solutions, including sup-bound intervals, Bonferroni intervals and Scheﬀe-
type intervals. In response, Torous, Valkanov and Yan (2004) construct the conﬁdence intervals for
the nuisance parameter based on the augmented Dickey-Fuller test [ Stock (1991)] and compute the
Bonferroni conﬁdence intervals for the slope coeﬃcient by inverting the Bonferroni t-test. Campbell and
Yogo argue that it is better to construct the conﬁdence intervals for the nuisance parameter as suggested
by Elliot, Rothenberg and Stock (1996), and subsequently construct the Bonferroni conﬁdence intervals
inverting the Bonferroni Q test. They argue that the Bonferroni Q-test is more eﬃcient, in the sense
of Pitman eﬃciency, than the Bonferroni t-test of Cavanagh, Elliott and Stock (1995) and Torous,
Valkanov and Yan (2004). In addition, Campbell and Yogo develop a pre-test to determine when the
conventional t-test leads to invalid inference.
My empirical strategy closely follows that of Campbell and Yogo (2005). Table 2, Panel A, sum-
marizes the necessary estimated inputs for the pre-test. I follow Elliot, Rothenberg and Stock (1996)
and ﬁnd that the 95% conﬁdence interval for the highest autoregressive coeﬃcient of log(Qt /RCt) is
[0.782,0.955]. I estimate the autoregressive lag length p using Bayesian information criterion (BIC)
and ﬁnd that p = 9. Campbell and Yogo restrict the maximum number of lags to p = 6 in quarterly
data. Imposing this constraint shifts the whole 95% conﬁdence interval toward one and we obtain
[0.813,0.972]. These results indicate that the valuation ratio log(Qt /RCt) is a persistent variable, but
we can reject the null hypothesis of unit root at 5% level6. In contrast, Lanne (2002) and Campbell and
Yogo cannot reject the hypothesis that the aggregate price-dividend ratio contains a unit root. However,
Elliott and Stock (1994) argue that the rejection of the unit root hypothesis is not suﬃcient to assure
that the size distortion of the conventional t-test is acceptably small. Another important parameter in
this respect is the correlation of shocks to the (log) price-rent ratio and excess returns. Column 4 of
Table 2, Panel A, displays the minimum7 correlation coeﬃcient across horizons H = 4, 8, 12, 16 and 20
quarters, and across all 25 Fama-French portfolios. It is estimated −0.223 or −0.187, depending on the
6Torous, Valkanov and Yan (2004) suggest to construct the conﬁdence interval for the highest autoregressive rootρ
using ADF test. However, the DF-GLS statistics of Elliott, Rothenberg and Stock (1996) is more powerful.
7Note that the estimated correlation δ is negative by construction, so we are talking about the maximum of the absolute
level of the correlation.
9estimated autoregressive lag length of log(Qt /RCt). Table 1 of Campbell and Yogo (2005) reports the
regions of the parameter space where the actual size of the nominal 5% t-test is greater than 7.5%. My
parameters do not fall into this region8 and I conclude that the conventional t-test for predictability
using the valuation ratio log(Qt /RCt) leads to correct inferences.
Tables 3, 4, 5, 6 and 7 present the results of the long-horizon regressions (16) for H = 4, 8, 12,
16 and 20 quarters. The slope coeﬃcients δ1 all come out positive. Consistent with the economic
theory, a high durables price relative to the current rental cost forecasts high future discount rates and
thus low expected returns. Therefore, stock prices are expected to rise which generates large realized
returns. Campbell and Yogo (2005) pre-test indicates that t-tests lead to valid inferences. Using t-
statistics and R2s suggest that small and value stock exhibit the largest predictability. In fact, holding
size constant, R2s rise with book-to-market ratio. Holding book-to-market constant, R2s fall with the
market capitalization. For the two smallest value portfolios, R2s reach magnitudes over 30% at the
horizon of 20 quarters. Figure ?? portrays the realized (solid line) versus the forecasted (dotted line)
returns on the smallest value portfolio S1B5. Interestingly, the durable price-rental cost valuation ratio
doesn’t seem to predict excess returns on the largest market capitalization portfolios. This is consistent
with Fama and French (1992, 1993) who suggest that there are multiple risk factors driving returns of
small ﬁrms versus big ﬁrms, and low book-to-market ﬁrms relative to high book-to-market ﬁrms. The
valuation ratio log(Qt /RCt) seems to track the predictable variation in discount rates that reﬂects the
risk exposure of small and value stocks.
To convince a sceptical reader that the predictability is robust, I construct the Bonferroni conﬁdence
intervals for the slope coeﬃcient by inverting the Bonferroni Q-test as suggested by Campbell and Yogo
(2005). Such a test is asymptotically valid under fairly general assumptions on the dynamics of the
predictor variable and more eﬃcient than previously proposed tests in the sense of Pitman eﬃciency
(requires fewer observations for inference at the same level of power). Table 8 reports 90% Bonferroni
conﬁdence intervals for the slope coeﬃcient in the long-horizon regression (16) that correspond to a
5% one-sided test of the null hypothesis that the slope is zero against the alternative that the slope is
positive. The results are consistent with inferences obtained using the t-test.
Table 9, Panel A, reports the predictability results for the real interest rate Rf, Panel B for the
8In detail, Table (2), Line 2, reports that δ > −0.2. Table 1 of Campbell and Yogo (2005) reports that the parameter
c must belong to the interval (-3.248,3.306) for the t-test to suﬀer from large size distortions (i.e. greater than 7.5%).
The conﬁdence interval reported in Table (2), Line 2, Column 7 is [−28.436,−4.304]. Therefore, I conclude that using
the conventional t-test leads to correct inferences.
10equity premium RM − Rf, Panel C for the small-minus-big portfolio SMB and Panel D for the value-
minus-growth portfolio HML. In summary, the durables price - rental cost Qt/RCt does not predict
the real interest rate and the equity premium. Cognizance of this negative result for the equity premium
should be taken as it suggests that the aggregate price-dividend ratio and the durables price-rental cost
ratio are distinct variables with diﬀerent time series properties. Indeed, as Table 2, Panel B, shows the
correlation of my new valuation ratio with other popular forecasting variables is negligible. With respect
to the predictability of SMB and HML the results are encouraging. In fact, the durables price-rental
cost ratio successfully predicts these spreads, in particular the small-minus-big portfolio. In detail,
the slope coeﬃcients for SMB are estimated positive. The t-test and the 90% Bonferroni conﬁdence
intervals both tell us that they are statistically signiﬁcant. Recall that the Campbell-Yogo pre-test
tells us that conventional t-tests do lead to valid inferences! The time-series R2 rises with the horizon
and reaches levels of 30% at 20-quarter horizon. Figure ?? portrays the realized (solid line) versus the
forecasted (dotted line) returns on SMB. The predictability results for the value-minus-growth portfolio
(HML) are displayed in Table ??, Panel D. The slope coeﬃcient is smaller in magnitude than for SMB
and, according to 90% Bonferroni conﬁdence intervals, statistically signiﬁcant for horizons above 12
quarters. The R2s are on the order of 5%-6%. One reason for the relatively poor forecasting ability of
the durables price-rental cost for HML portfolio is that it is a noisy measure of future discount rates, as
it also forecasts the growth rate in the rental cost. Fama and French (1988) also emphasize the ”errors-
in-variables” problem, which may bias downward the estimated slope coeﬃcient in the long-horizon
regression. The predictability results for the growth rate in the rental cost are summarized in Table 10.
The slope rises with the horizon, is positive and economically interesting, and is statistically signiﬁcant.
The time-series R2 reaches the astonishing 50% at 20-quarter horizon.
Some readers may worry that the durables price-rental cost valuation ratio forecasts excess returns
because it is correlated with the aggregate price-dividend ratio. In fact, the empirical correlation is only
2.66%! Table 11 reports the predictive ability of the aggregate price-dividend ratio. The ratio does not
predict either small-minus-big (SMB) or value-minus-growth (HML) spreads. In fact, in my sample it
predicts neither the equity premium!
What about other popular macroeconomic variables: Lettau and Ludvigson’s (2001) co-integrating
residual from the regression of nondurable consumption on asset wealth and labor income, well-known
as   cayt, Yogo’s (2005) diﬀerence in (log) growth rates in consumer durables and nondurables ∆dt−∆ct,
and Santos and Veronesi’s (2005) labor income over nondurable consumption wt/Ct ratio? First, table
112, Panel B, convincingly shows that the sample correlation between my valuation ratio, durables price
over the rental cost, and these popular variables is negligible. Second, tables 12, 13 and 14 portray
the predictability results for (i) the real risk-free rate Rf, (ii) the equity premium RM − Rf, (iii) the
small-minus-big SMB spread and (iv) the value-minus-growth HML spread. I shall not describe these
rather obvious tables in tiring detail but even a casual observation suggests that none of these popular
macro variables predicts SMB and HML9.
4 Conclusions
This paper exploits two observations. First, no arbitrage implies that the same discount factor must
price both stocks and durable goods. Second, the durable goods price-rent ratio is a rational forecast of
future discount factors, and thus it is a novel predictive variable. Using state-of-the-art econometrics,
I run a predictive regression horse race on 25 Fama-French portfolios, and the small-minus-big (SMB)
and value-minus-growth (HML) portfolios. My results indicate that none of the popular predictive
macro-variables, such as the aggregate price-dividend ratio, the co-integrating residual cay of Lettau
and Ludvigson (2001), the diﬀerence in (log) growth rates of consumer durables over nondurables of
Yogo (2005), or the share of consumption ﬁnanced by labor income of Santos and Veronesi (2005),
successfully capture the temporal variation in expected returns on these interesting portfolios, except
the durable goods price-rent ratio. In particular, I can predict small-minus-big portfolio (SMB) with
R2 around 30% at 4 year horizon.
As the time-series of the rental cost of the durable goods are not readily available, I develop a
dynamic Lucas-tree economy, populated with homogeneous investors, who have preferences deﬁned
over the nondurables and the services ﬂow from the stock of durables. This allows me to impute the
rental cost as a marginal rate of substitution between services ﬂow and nondurables. However, the
services ﬂow itself is also unobservable. I thus follow the household production theory and assume
that investors ”produce” services ﬂow in the household sector. The model delivers the durable goods
price-rent ratio as an aﬃne function of a co-integrating residual. I evaluate its predictive power and
discover that it forecasts excess returns on 25 Fama-French portfolios, especially small and value stocks.
It also forecasts the long-horizon returns on the Fama-French’s small-minus-big portfolio. For example,
the R2 at the horizon of 4 years is around 30%.
9Except for cay for HML in longer horizons.
12Fama and French (1992, 1993) argue that there are multiple risk factors driving assets’ risk premia.
The results in this paper corroborate their argument in that the durable goods price-rent ratio captures
the predictable variation in discount rates related to risks of small and value ﬁrms. In the future, it
may be interesting to investigate this issue in a general equilibrium production economy framework.
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16A Random Walk Hypothesis for 25 Fama-French Portfolios
The purpose of this section is to document the economic and statistical signiﬁcance of predictable
components in returns on 25 Fama-French portfolios. To the best of my knowledge, most predictability
literature focuses on the value-weighted or equally weighted market return, and not much is known
about other interesting portfolios. I follow Campbell and Mankiw (1987), Cochrane (1988), Huizinga
(1987) and Lo and MacKinlay (1988), and test the random walk hypothesis for long-horizon returns
of 25 Fama-French portfolios using variance ratios. The test exploits the fact that the variance of the
increments of a random walk is linear in the sampling interval. For instance, if stock prices are generated
by a random walk, then the variance of a yearly sampled return must be 4 times as large as the variance
of a quarterly sample. Comparing these two indicates the plausibility of the random walk hypothesis.
In fact, if returns follow random walks, all variance ratios should be equal to one.
The maintained null hypothesis is given by the relation
H0 : Rt =   + ǫt (18)
where Rt is the log return on an asset, and ǫt is a random disturbance term with E[ǫt] = 0 and
E[ǫt ǫτ] = 0 for t  = τ. Because ﬁnancial time series are heteroscedastic and leptokurtic, I allow ǫt to
be non-Gaussian and to exhibit a general heteroscedasticity. The test is based on the variance ratio







The autocorrelation coeﬃcient is estimated consistently using the formula
ˆ ρ(j) =
 T
t =j+1 (Rt − ˆ  )(Rt−j − ˆ  )
 T
t =1 (Rt − ˆ  )2 (20)
where ˆ   = T −1  T
t=1 Rt. Theorem 3 of Lo and MacKinley (1988) derives the asymptotic distribution
of the variance ratio statistics as normal N[0,θ(q)]. The heteroscedasticity-consistent estimator of the
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I calculate the variance ratios for all 25 Fama-French portfolios. If there is a mean-reversion in long-
horizon returns, these ratios should be smaller than one. Formally, I test empirically for random walks





which is asymptotically standard normal.
Table 1 summarizes the empirical results for long-horizon returns on 25 Fama-French portfolios
corresponding to 4, 8, 12, 16 and 20 quarters. All variance ratios are less than one and economically
interesting. The z∗ statistics are statistically signiﬁcant for most of the entries. Small and value stock
in particular exhibit strong mean-reversion. This is consistent with Lo and MacKinley (1988) and Kim,
Nelson and Startz (1991) who ﬁnd that the rejection of the random walk hypothesis is stronger for
equal-weighted market return than the value-weighted market return. I conclude that the random walk
null hypothesis may be easily rejected for these interesting portfolios at the usual signiﬁcance levels for
the sample period 1964,1-2001,4 and that there is a strong evidence of mean reversion in returns at
long horizons.
B Co-Integrating Regression and the Durable Goods Price-
Rent Ratio
Using Phillips-Perron test and including a constant and a linear time trend, I cannot reject the null
hypothesis that log(ct), log(dt) and log(Qt) are diﬀerence stationary. The test statistics zρ equals -6.66,
5.77 and -11.71, respectively, and the 5% critical value is -20.7. The co-integrating regression, repeated
here for convenience, is
log(ct) = δ0 + δ1 log(Qt) + δ2 log(dt) + εt (23)
I test for co-integration using a likelihood ratio test10 [Johansen (1988, 1991]. The likelihood ratio test
of the null hypothesis of no cointegration versus the alternative of one cointegrating vector LR = 20.87,
with the 5% critical value of 21.28. The likelihood ratio test of the null hypothesis of no cointegration
versus the alternative of two cointegrating vectors LR = 34.27 > 31.27, the 5% critical value. I
10I use 1th order VAR for likelihood ratio test and AR(2) for the co-integrating residual to create conﬁdence intervals
and t-stats.
18reject the hypothesis of no cointegration at 5% signiﬁcance level. With N = 3 variables there can
be N − 1 = 2 cointegrating vectors. I therefore test the null hypothesis that there is only one co-
integrating vector H0 : N = 1 vs. H1 : N = 2. The likelihood ratio LR = 12.95 < 14.6, the 5%
critical value. In both cases, I cannot reject the null hypothesis of one co-integrating vector. Stock
and Watson (1993) and Wooldridge (1991) suggest to augment the regression (23) with leads and lags
of the right hand side variables to correct for the correlation between the innovations in log(Dt) and
log(Qt) and the co-integrating residual ǫt. This is crucial for the construction of conﬁdence intervals
and hypothesis testing. I therefore estimate
log(ct) = δ0 + δ1 log(Qt) + δ2 log(dt) +
p  
s=−p
bd,s ∆ log(dt−s) +
p  
s=−p
bQ,s ∆ log(Qt−s) + ξt (24)
where the number of leads/lags is p = 1. The estimated parameter ˆ θ ≡ ˆ δ1 = 0.152 with the standard
error s.e.(ˆ θ) = 0.083, and the parameter ˆ δ2 = 0.653 with the standard error s.e.(ˆ δ2) = 0.042.
To estimate the residual εt, I run the regression (23) in levels. This procedure delivers super-
consistent estimates but does not allow to construct standard errors. Consistent with the theory, I










log(ct) − ˆ δ0 − ˆ δ1 log(Qt) − ˆ δ2 log(dt)
 
(25)
Without loss of generality, the valuation ratio Qt /RCt is demeaned because the co-integrating regres-
sion contains the intercept δ0. Figure 1 portrays the time-series of the valuation ratio along with bars
denoting recessions as classiﬁed by NBER. It appears that the durables price-rental cost ratio is highly
countercyclical, rising steeply during recessions.
19Table 1: Variance-Ratio Test of the Random Walk Hypothesis for 25 Fama-French Portfolios
No. Quarters H = 4 No. Quarters H = 8 No. Quarters H = 12 No. Quarters H = 16 No. Quarters H = 20
Portfolio ¯ Mr(4) z
∗(4) ¯ Mr(8) z
∗(8) ¯ Mr(12) z
∗(12) ¯ Mr(16) z
∗(16) ¯ Mr(20) z
∗(20)
S1B1 0.96 (-4.84) 0.82 (-12.00) 0.76 (-13.24) 0.75 (-11.65) 0.79 (-8.83)
S1B2 0.87 (-13.83) 0.77 (-15.48) 0.70 (-16.18) 0.71 (-13.74) 0.74 (-10.73)
S1B3 0.91 (-9.73) 0.86 (-9.45) 0.83 (-9.37) 0.85 (-7.07) 0.89 (-4.68)
S1B4 0.86 (-15.49) 0.80 (-13.64) 0.72 (-15.07) 0.70 (-14.16) 0.72 (-11.91)
S1B5 0.78 (-24.32) 0.75 (-17.31) 0.71 (-15.76) 0.70 (-13.89) 0.72 (-11.76)
S2B1 0.82 (-17.68) 0.68 (-21.19) 0.57 (-23.03) 0.53 (-21.83) 0.56 (-18.44)
S2B2 0.75 (-24.98) 0.64 (-23.10) 0.57 (-22.52) 0.55 (-20.50) 0.59 (-16.87)
S2B3 0.83 (-17.60) 0.72 (-19.13) 0.62 (-21.17) 0.58 (-19.99) 0.61 (-16.46)
S2B4 0.85 (-15.47) 0.82 (-12.42) 0.74 (-14.00) 0.72 (-13.26) 0.73 (-11.67)
S2B5 0.69 (-33.25) 0.64 (-24.29) 0.58 (-23.15) 0.55 (-21.38) 0.57 (-18.26)
S3B1 0.84 (-15.22) 0.68 (-20.43) 0.57 (-22.47) 0.52 (-21.98) 0.55 (-18.40)
S3B2 0.86 (-13.99) 0.72 (-18.45) 0.62 (-20.69) 0.57 (-20.02) 0.61 (-16.49)
S3B3 0.83 (-17.90) 0.73 (-18.07) 0.66 (-18.71) 0.63 (-17.58) 0.65 (-14.81)
S3B4 0.85 (-16.30) 0.70 (-20.28) 0.58 (-23.04) 0.51 (-23.46) 0.50 (-21.29)
S3B5 0.78 (-25.43) 0.70 (-21.26) 0.61 (-22.16) 0.64 (-17.74) 0.67 (-14.40)
S4B1 0.87 (-12.62) 0.67 (-20.06) 0.54 (-22.72) 0.46 (-23.08) 0.50 (-19.64)
S4B2 0.84 (-15.38) 0.74 (-16.17) 0.64 (-18.23) 0.61 (-17.28) 0.68 (-12.63)
S4B3 0.80 (-22.96) 0.61 (-27.88) 0.52 (-27.52) 0.46 (-26.60) 0.48 (-22.89)
S4B4 0.82 (-18.48) 0.62 (-25.18) 0.45 (-29.65) 0.36 (-30.26) 0.36 (-26.92)
S4B5 0.74 (-26.38) 0.59 (-27.12) 0.47 (-28.20) 0.44 (-25.85) 0.46 (-22.41)
S5B1 0.99 (-0.85) 0.92 (-5.11) 0.83 (-9.06) 0.78 (-10.72) 0.80 (-8.48)
S5B2 0.95 (-5.53) 0.85 (-9.77) 0.77 (-12.38) 0.74 (-12.17) 0.83 (-7.31)
S5B3 0.91 (-9.62) 0.74 (-18.40) 0.67 (-18.36) 0.66 (-16.55) 0.71 (-12.34)
S5B4 0.97 (-3.73) 0.72 (-18.89) 0.63 (-20.39) 0.58 (-19.76) 0.60 (-17.06)
S5B5 0.90 (-10.69) 0.78 (-15.37) 0.68 (-17.83) 0.69 (-14.86) 0.72 (-11.92)
NOTE - The table displays variance ratios 1 + ¯ Mr(q) and the heteroscedasticity-robust test statistics z∗(q). Under the random walk hypothesis, the value of the
variance ratio is one and the test statistics have asymptotically a standard normal distribution [Lo and MacKinley (1988)]. Portfolio notation is as follows. The ﬁrst
digit after S refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit after B refers to book-to-market quintiles (1 indicating the
portfolio with the lowest book-to-market ratio, 5 with the highest). Portfolio data are quarterly from 1964,1-2001,4.
2
0Figure 1: Quarterly Time-Series of the Demeaned Log-Ratio of the Durable Goods Price over the
Imputed Rental Cost of Capital log(Qt /RCt)





























NOTE - The plot portrays the quarterly time-series of the demeaned log-ratio of the durables price Qt over the imputed
rental cost of capital RCt. Bars represent recessions as deﬁned by NBER. Sample period 1963,4 - 2001,4.
21Table 2: Data Summary
Panel A.: Estimates of the Model Parameters
Series Obs. p δ DF-GLS 95% CI: ρ 95% CI: c
q-rc 153 9 -0.223 -3.173 [0.782, 0.955] [-33.097,-6.837]
153 6 -0.187 -2.930 [0.813, 0.972] [-28.436,-4.304]
p-d 153 1 N/A -0.424 [0.975, 1.029] [-3.876,4.376]
cay 153 1 N/A -3.560 [0.737, 0.930] [-39.948,-10.627]
∆d − ∆c 153 6 N/A -2.400 [0.860, 0.993] [-21.328,-1.020]
w-c 153 1 N/A -0.170 [0.980, 1.030] [-3.116,4.496]
Panel B.: Correlation Matrix
q - rc p-d cay ∆d − ∆c w-c
qt − rct 1
pt − dt -0.0266 1
cayt -0.0368 -0.4169 1
∆dt − ∆ct 0.1298 0.2372 -0.1937 1
wt − ct 0.0569 -0.1753 -0.0497 -0.0073 1
NOTE - Panel A reports the estimates of the parameters for the predictive regression model. The variable q −rc denotes
the log of the durables price-rental cost ratio log(Q/RC), d−p denotes the aggregate log price-dividend ratio log(P /D),
cay is the co-integrating residual of Lettau and Ludvigson (2001), ∆d − ∆c is the diﬀerence of the (log) growth rates
in consumer durables and nondurables [Yogo (2005)], and w − c stands for the ratio of labor income (as deﬁned in
Lettau and Ludvigson (2001)) over the nondurable consumption [see Santos and Veronesi (2005)]. Furthermore, p is the
estimated autoregressive lag length using Bayesian information criterion (BIC). Except the ﬁrst line, the number of lags
p is limited to six. The parameter δ is the minimum estimated correlation between the innovations to returns of all 25
Fama-French portfolios and the predictive variable. It is always negative by ﬂipping the sign of the regressor if it comes
out positive [Campbell and Yogo (2005)]. The last two columns are 95% conﬁdence intervals for the largest autoregressive
root ρ [see Elliott, Rothenberg and Stock (1996)] and the corresponding local-to-unity parameter c, computed using
DF-GLS statistics. Panel B reports the sample correlations across the predictive variables considered. Sample period
1963:Q4-2001:Q4.
22Table 3: Predictability Results, Horizon H = 4 Quarters
R
2s from Predictive Regressions, Horizon H = 4 Quarters
Book-to-Market Equity
Size Low 2 3 4 High
Small 9.9 12.1 12.7 10.9 12.5
(3.27) (3.15) (3.13) (3.01) (3.37)
[3.82] [3.09] [3.09] [3.02] [3.20]
{1.56} {1.79} {1.77} {1.60} {1.67}
2 8.2 9.2 7.1 8.6 12.6
(2.57) (2.13) (2.07) (1.96) (2.66)
[2.91] [1.99] [2.04] [1.87] [2.66]
{1.61} {1.55} {1.26} {1.23} {1.36}
3 4.0 8.1 8.9 7.9 7.1
(1.76) (2.06) (2.16) (1.97) (1.95)
[1.89] [2.06] [2.10] [1.96] [1.99]
{1.26} {1.49} {1.38} {1.29} {1.11}
4 2.0 6.9 8.5 8.3 7.5
(1.28) (1.77) (2.01) (1.69) (1.53)
[1.55] [1.74] [2.16] [1.63] [1.46]
{0.92} {1.33} {1.18} {1.40} {1.09}
Big 0.1 1.0 0.3 2.3 0.2
(0.25) (0.51) (0.35) (1.00) (0.27)
[0.27] [0.49] [0.39] [1.01] [0.28]
{0.14} {0.37} {0.20} {0.69} {0.16}
NOTE - The table reports the R2s and t-statistics from the long-horizon regressions of the excess log-returns of 25
Fama-French portfolios (H = 4 quarters)
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (26)
where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio, subscript
f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio notation is as follows. The
ﬁrst digit after FF refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit refers to
book-to-market quintiles (1 indicating the portfolio with the lowest book-to-market ratio, 5 with the highest). Sample
period 1964,1-2001,4.
23Table 4: Predictability Results, Horizon H = 8 Quarters
R
2s from Predictive Regressions, Horizon H = 8 Quarters
Book-to-Market Equity
Size Low 2 3 4 High
Small 14.1 17.0 15.4 16.1 21.6
(2.69) (2.93) (2.64) (2.62) (3.29)
[2.43] [2.74] [2.42] [2.38] [3.04]
{2.08} {2.40} {2.40} {2.40} {2.75}
2 12.6 13.5 10.6 14.5 24.9
(2.33) (1.98) (1.86) (1.92) (2.70)
[2.09] [1.76] [1.76] [1.77] [2.48]
{2.34} {2.17} {1.92} {1.99} {2.40}
3 7.9 15.4 17.1 16.1 15.7
(1.78) (1.99) (2.17) (1.86) (2.13)
[1.63] [1.80] [1.99] [1.67] [2.05]
{2.09} {2.75} {2.53} {2.27} {2.04}
4 3.6 11.0 20.1 12.5 17.5
(1.25) (1.62) (2.01) (1.46) (1.67)
[1.21] [1.44] [1.82] [1.33] [1.54]
{1.47} {2.25} {2.22} {2.08} {1.89}
Big 0.0 1.0 2.0 6.7 3.2
(0.08) (0.41) (0.62) (1.14) (0.75)
[0.09] [0.37] [0.55] [1.04] [0.68]
{0.06} {0.49} {0.67} {1.23} {0.78}
NOTE - The table reports the R2s and t-statistics from the long-horizon regressions of the excess log-returns of 25
Fama-French portfolios (H = 8 quarters)
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (27)
where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio, subscript
f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio notation is as follows. The
ﬁrst digit after FF refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit refers to
book-to-market quintiles (1 indicating the portfolio with the lowest book-to-market ratio, 5 with the highest). Sample
period 1964,1-2001,4.
24Table 5: Predictability Results, Horizon H = 12 Quarters
R
2s from Predictive Regressions, Horizon H = 12 Quarters
Book-to-Market Equity
Size Low 2 3 4 High
Small 11.3 12.2 10.4 11.7 18.6
(2.09) (2.43) (2.04) (2.18) (3.00)
[1.82] [2.09] [1.76] [1.92] [2.75]
{1.66} {1.80} {1.84} {1.82} {2.20}
2 9.4 8.7 6.4 10.2 21.9
(1.93) (1.55) (1.55) (1.66) (2.62)
[1.63] [1.32] [1.40] [1.51] [2.42]
{1.64} {1.40} {1.26} {1.55} {1.80}
3 5.4 9.9 12.2 8.2 9.8
(1.48) (1.67) (1.98) (1.32) (1.78)
[1.25] [1.48] [1.81] [1.21] [1.69]
{1.33} {1.84} {1.84} {1.25} {1.24}
4 0.5 3.6 10.8 3.1 6.5
(0.60) (1.00) (1.61) (0.75) (1.09)
[0.53] [0.86] [1.46] [0.71] [1.04]
{0.45} {1.09} {1.25} {0.79} {0.86}
Big 3.0 1.3 0.0 0.3 0.0
(2.00) (0.60) (0.02) (0.30) (0.05)
[2.10] [0.53] [0.02] [0.29] [0.05]
{1.06} {0.56} {0.02} {0.22} {0.04}
NOTE - The table reports the R2s and t-statistics from the long-horizon regressions of the excess log-returns of 25
Fama-French portfolios (H = 12 quarters)
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (28)
where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio, subscript
f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio notation is as follows. The
ﬁrst digit after FF refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit refers to
book-to-market quintiles (1 indicating the portfolio with the lowest book-to-market ratio, 5 with the highest). Sample
period 1964,1-2001,4.
25Table 6: Predictability Results, Horizon H = 16 Quarters
R
2s from Predictive Regressions, Horizon H = 16 Quarters
Book-to-Market Equity
Size Low 2 3 4 High
Small 20.3 21.9 18.3 21.0 28.7
(3.32) (4.24) (3.52) (4.03) (5.24)
[3.16] [3.86] [3.24] [3.77] [5.35]
{2.05} {2.28} {2.29} {2.21} {2.33}
2 16.2 14.3 13.8 19.0 30.6
(2.75) (2.15) (2.72) (3.00) (4.03)
[2.43] [1.93] [2.77] [2.88] [4.14]
{1.89} {1.58} {1.64} {2.09} {1.85}
3 10.4 15.2 18.2 11.3 15.3
(2.13) (2.35) (2.97) (1.90) (2.78)
[1.87] [2.17] [2.85] [1.81] [2.93]
{1.45} {1.91} {2.02} {1.21} {1.43}
4 1.1 4.1 14.6 5.4 8.2
(0.83) (1.15) (2.64) (1.17) (1.41)
[0.73] [1.02] [2.49] [1.10] [1.38]
{0.48} {0.98} {1.22} {0.82} {0.88}
Big 3.8 1.5 0.0 0.2 0.0
(2.19) (0.83) (0.10) (0.29) (0.06)
[2.73] [0.78] [0.09] [0.28] [0.06]
{0.93} {0.53} {0.06} {0.13} {0.04}
NOTE - The table reports the R2s and t-statistics from the long-horizon regressions of the excess log-returns of 25
Fama-French portfolios (H = 16 quarters)
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (29)
where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio, subscript
f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio notation is as follows. The
ﬁrst digit after FF refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit refers to
book-to-market quintiles (1 indicating the portfolio with the lowest book-to-market ratio, 5 with the highest). Sample
period 1964,1-2001,4.
26Table 7: Predictability Results, Horizon H = 20 Quarters
R
2s from Predictive Regressions, Horizon H = 20 Quarters
Book-to-Market Equity
Size Low 2 3 4 High
Small 27.6 27.9 23.1 26.8 36.7
(3.30) (4.23) (4.02) (4.70) (6.53)
[3.45] [4.32] [3.96] [4.82] [8.04]
{2.21} {2.39} {2.37} {2.27} {2.25}
2 22.0 18.0 18.1 25.8 39.0
(2.62) (2.17) (2.92) (3.83) (4.95)
[2.54] [2.06] [3.03] [3.93] [5.63]
{2.12} {1.75} {1.71} {2.25} {1.83}
3 14.9 19.0 24.3 16.6 21.7
(2.11) (2.54) (3.49) (2.36) (3.39)
[2.00] [2.43] [3.56] [2.36] [3.89]
{1.66} {1.91} {2.11} {1.21} {1.57}
4 2.9 6.9 22.6 8.1 10.3
(0.99) (1.39) (3.64) (1.62) (1.54)
[0.93] [1.34] [3.97] [1.61] [1.52]
{0.74} {1.26} {1.34} {0.86} {0.95}
Big 2.2 0.0 0.6 1.1 0.2
(1.59) (0.07) (0.44) (0.84) (0.31)
[2.27] [0.07] [0.44] [0.91] [0.38]
{0.66} {0.05} {0.24} {0.32} {0.18}
NOTE - The table reports the R2s and t-statistics from the long-horizon regressions of the excess log-returns of 25
Fama-French portfolios (H = 20 quarters)
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (30)
where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio, subscript
f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio notation is as follows. The
ﬁrst digit after FF refers to the size quintiles (1 indicating the smallest, 5 the largest), and the second digit refers to
book-to-market quintiles (1 indicating the portfolio with the lowest book-to-market ratio, 5 with the highest). Sample
period 1964,1-2001,4.
27Table 8: Bonferroni Q-test of Predictability when the Predictive Variable is the Durables Price over the Rental Cost
No. Quarters H = 4 No. Quarters H = 8 No. Quarters H = 12 No. Quarters H = 16 No. Quarters H = 20
Portfolio [δ1(ρ), δ1(ρ)] [δ1(ρ), δ1(ρ)] [δ1(ρ), δ1(ρ)] [δ1(ρ), δ1(ρ)] [δ1(ρ), δ1(ρ)]
S1B1 0.100 0.937 0.344 1.646 0.537 2.190 1.052 3.110 1.431 3.806
S1B2 0.103 0.731 0.334 1.320 0.522 1.590 1.009 2.283 1.376 2.775
S1B3 0.056 0.650 0.166 1.181 0.243 1.478 0.714 2.058 1.125 2.364
S1B4 0.034 0.565 0.165 1.111 0.284 1.343 0.707 1.779 1.133 2.040
S1B5 0.085 0.581 0.314 1.283 0.562 1.677 1.082 2.248 1.654 2.542
S2B1 -0.030 0.719 0.161 1.247 0.265 1.441 0.519 2.058 0.706 2.583
S2B2 -0.058 0.557 -0.038 1.033 -0.079 1.215 0.089 1.656 0.317 2.024
S2B3 -0.140 0.444 -0.175 0.881 -0.134 0.951 0.152 1.283 0.428 1.489
S2B4 -0.120 0.511 -0.118 1.084 -0.046 1.283 0.397 1.657 0.870 1.881
S2B5 0.001 0.521 0.139 1.186 0.291 1.454 0.629 1.790 1.098 2.024
S3B1 -0.226 0.464 -0.139 0.892 -0.050 0.983 0.120 1.403 0.289 1.834
S3B2 -0.119 0.515 -0.120 1.026 -0.104 1.134 0.137 1.430 0.385 1.626
S3B3 -0.107 0.467 -0.056 1.030 0.002 1.145 0.290 1.423 0.651 1.633
S3B4 -0.121 0.461 -0.188 0.962 -0.242 0.978 -0.066 1.070 0.204 1.169
S3B5 -0.138 0.428 -0.179 0.917 -0.154 1.026 0.154 1.375 0.581 1.651
S4B1 -0.311 0.327 -0.372 0.496 -0.387 0.271 -0.380 0.468 -0.380 0.806
S4B2 -0.142 0.482 -0.283 0.881 -0.434 0.786 -0.394 0.982 -0.224 1.247
S4B3 -0.107 0.466 -0.131 0.935 -0.137 0.904 0.083 0.987 0.467 1.201
S4B4 -0.178 0.465 -0.329 0.844 -0.467 0.665 -0.357 0.690 -0.106 0.690
S4B5 -0.205 0.503 -0.307 1.027 -0.400 0.884 -0.357 0.924 -0.212 1.032
S5B1 -0.477 0.063 -0.697 0.008 -0.924 -0.423 -1.133 -0.484 -1.205 -0.386
S5B2 -0.431 0.257 -0.752 0.443 -0.902 0.095 -0.854 0.012 -0.669 0.272
S5B3 -0.353 0.190 -0.570 0.442 -0.696 0.304 -0.648 0.321 -0.502 0.495
S5B4 -0.243 0.263 -0.379 0.551 -0.487 0.317 -0.458 0.227 -0.276 0.338
S5B5 -0.410 0.144 -0.629 0.495 -0.768 0.338 -0.775 0.245 -0.622 0.370
NOTE - The table reports the 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)] for the slope coeﬃcient δ1 in the long-horizon regressions of the excess log-returns of
25 Fama-French portfolios
re(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (31)
at the horizons H = 4, 8, 12, 16 and 20 quarters, where re(t + 1 : t + H) =
PH
j=1 log(Ri,t+j) − log(Rf,t+j−1), subscript i denotes a 25 Fama-French portfolio,
subscript f denotes the risk-free rate, and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. These conﬁdence intervals correspond
to a 5% one-sided test of the null hypothesis H0 : δ1 = 0 versus the alternative H1 : δ1 > 0. Portfolio notation is as follows. The ﬁrst digit after S refers to
the size quintiles (1 indicating the smallest, 5 the largest), and the second digit after B refers to book-to-market quintiles (1 indicating the portfolio with the lowest
book-to-market ratio, 5 with the highest). Portfolio data are quarterly from 1964,1-2001,4.
2




No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.00 [-0.05,0.06] (0.14) [0.11] {0.25} 0.06
8 0.01 [-0.10,0.13] (0.19) [0.17] {0.49} 0.15
12 0.03 [-0.12,0.19] (0.33) [0.31] {0.92} 0.38
16 0.06 [-0.12,0.25] (0.53) [0.53] {1.44} 0.94
20 0.11 [-0.10,0.33] (0.81) [0.87] {1.90} 2.08
Panel B. RM − R
f
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.01 [-0.35,0.21] (0.04) [0.04] {0.02} 0.00
8 -0.01 [-0.49,0.39] (-0.03) [-0.03] {-0.02} 0.00
12 -0.19 [-0.58,0.11] (-0.91) [-0.90] {-0.32} 1.10
16 -0.15 [-0.56,0.14] (-0.70) [-0.72] {-0.20} 0.56
20 0.00 [-0.44,0.32] (0.02) [0.02] {0.00} 0.00
Panel C. SMB
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.36 [0.25,0.47] (5.36) [5.66] {2.26} 11.51
8 0.64 [0.50,0.87] (5.71) [7.45] {2.72} 15.86
12 0.95 [0.76,1.28] (6.06) [5.92] {3.08} 21.92
16 1.33 [1.07,1.78] (6.32) [6.27] {3.44} 29.95
20 1.48 [1.22,2.01] (6.28) [8.56] {3.34} 30.91
Panel D. HML
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.10 [-0.13,0.31] (0.73) [0.63] {0.55} 0.74
8 0.30 [-0.08,0.63] (1.41) [1.33] {1.09} 4.43
12 0.39 [0.02,0.78] (1.66) [1.75] {1.19} 5.83
16 0.41 [0.09,0.76] (2.03) [0.00] {1.14} 5.77
20 0.45 [0.21,0.75] (2.77) [0.00] {1.09} 5.77
NOTE - The table reports the estimated slopes ˆ δ1, t-statistics, R2s and 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)]
for the slope coeﬃcients δ1 in the long-horizon regressions of the risk-free rate Rf, the equity-premium RM − Rf, and
the Fama-French SMB and HML portfolios
Rf(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (32)
RM(t + 1 : t + H) − Rf(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (33)
SMB(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (34)
HML(t + 1 : t + H) = δ0 + δ1 log(Qt /RCt) + ζ(t + 1 : t + H) (35)




t+j, RM(t + 1 : t + H) − Rf(t + 1 :
t+H) =
PH
j=1 RM(t+1 : t+H)−R
f
t+j, SMB(t+1 : t+H) =
PH
j=1 SMBt+j, HML(t+1 : t+H) =
PH
j=1 HMLt+j,
and log(Qt /RCt) is the log-ratio of the durables price over the rental cost of capital. The t-statistics in parentheses are
Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust t-statistics are in brackets, and
Hodrick 1B (1992) t-statistics are in curly brackets. The 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)] correspond to
a 5% one-sided test of the null hypothesis H0 : δ1 = 0 versus the alternative H1 : δ1 > 0. Portfolio data are quarterly
from 1964,1-2001,4.
29Table 10: Predictability of the Growth Rate of the Rental Cost of Durable Capital RCt+1 /RCt
t-statistics Bonferroni Q-test
No. Quarters Slope R
2 t1 t2 t3 [δ1(ρ), δ1(ρ)]
4 0.35 14.28 (3.29) [3.09] {2.04} 0.08 0.43
8 0.81 34.91 (4.99) [5.05] {2.93} 0.52 1.04
12 1.03 44.77 (6.07) [7.66] {2.91} 0.78 1.33
16 1.12 48.78 (7.07) [20.58] {2.74} 0.93 1.46
20 1.17 50.52 (8.40) N/A {2.27} 0.98 1.47
NOTE - The table reports the R2s, t-statistics, and the 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)] for the slope
coeﬃcient δ1, from the long-horizon regressions of the log growth rate of the rental cost of durable capital log(RCt) on
the log-ratio of the durables price over the rental cost of capital log(Qt /RCt)
H X
j=1
log(RCt+j /RCt+j−1) = δ0 + δ1 log(Qt /RCt) + ξ(t + 1 : t + H)
where H = 4, 8, 12, 16 and 20 quarters. The t-statistics in parentheses are Newey-West (1987) corrected (Bartlett
weight, H+1 lags), Hansen-Hodrick (1980) robust t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in
curly brackets. The Bonferroni conﬁdence intervals correspond to a 5% one-sided test of the null hypothesis H0 : δ1 = 0
versus the alternative H1 : δ1 > 0. Sample period 1963,4-2001,4.




No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -0.00 [-0.00,-0.00] (-2.48) [-1.94] {-4.92} 17.05
8 -0.00 [-0.00,-0.00] (-2.11) [-1.70] {-5.25} 20.85
12 -0.00 [-0.01,-0.00] (-2.11) [-1.80] {-5.62} 28.78
16 -0.01 [-0.01,-0.00] (-2.45) [-2.27] {-6.00} 39.93
20 -0.01 [-0.01,-0.01] (-3.54) [-3.95] {-6.25} 52.21
Panel B. RM − R
f
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -0.00 [-0.00,0.00] (-1.08) [-1.05] {-0.78} 2.94
8 -0.00 [-0.01,0.00] (-0.69) [-0.69] {-0.46} 1.36
12 -0.00 [-0.01,0.01] (-0.15) [-0.14] {-0.09} 0.07
16 0.00 [-0.01,0.01] (0.11) [0.10] {0.07} 0.05
20 -0.00 [-0.02,0.02] (-0.28) [-0.24] {-0.21} 0.53
Panel C. SMB
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -0.00 [-0.00,0.00] (-0.90) [-0.86] {-0.87} 1.85
8 -0.00 [-0.01,0.00] (-0.91) [-0.90] {-0.99} 2.64
12 -0.01 [-0.01,0.00] (-1.48) [-1.48] {-1.41} 5.58
16 -0.01 [-0.02,0.00] (-1.66) [-1.53] {-1.80} 7.04
20 -0.01 [-0.03,0.00] (-1.32) [-1.37] {-1.48} 6.27
Panel D. HML
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -0.00 [-0.00,0.00] (-0.16) [-0.17] {-0.13} 0.20
8 -0.00 [-0.01,0.00] (-1.54) [-3.26] {-0.77} 9.18
12 -0.01 [-0.01,-0.00] (-3.28) [-5.16] {-1.84} 19.96
16 -0.01 [-0.02,-0.01] (-3.57) [-6.38] {-1.91} 21.53
20 -0.01 [-0.02,-0.00] (-2.06) [-2.02] {-1.25} 13.73
NOTE - The table reports the estimated slopes ˆ δ1, t-statistics, R2s and 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)]
for the slope coeﬃcients δ1 in the long-horizon regressions of the risk-free rate Rf, the equity-premium RM − Rf, and
the Fama-French SMB and HML portfolios
Rf(t + 1 : t + H) = δ0 + δ1 Pt/Dt + ζ(t + 1 : t + H) (36)
RM(t + 1 : t + H) − Rf(t + 1 : t + H) = δ0 + δ1 Pt/Dt + ζ(t + 1 : t + H) (37)
SMB(t + 1 : t + H) = δ0 + δ1 Pt/Dt + ζ(t + 1 : t + H) (38)
HML(t + 1 : t + H) = δ0 + δ1 Pt/Dt + ζ(t + 1 : t + H) (39)




t+j, RM(t + 1 : t + H) − Rf(t + 1 :
t+H) =
PH
j=1 RM(t+1 : t+H)−R
f
t+j, SMB(t+1 : t+H) =
PH
j=1 SMBt+j, HML(t+1 : t+H) =
PH
j=1 HMLt+j, and
Pt/Dt is the aggregate price-to-dividend ratio. The t-statistics in parentheses are Newey-West (1987) corrected (Bartlett
weight, H+1 lags), Hansen-Hodrick (1980) robust t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in
curly brackets. The 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)] correspond to a 5% one-sided test of the null
hypothesis H0 : δ1 = 0 versus the alternative H1 : δ1 > 0. Portfolio data are quarterly from 1964,1-2001,4.
31Table 12: Test of Predictability for the Risk-Free Rate, the Equity Premium, and the SMB and HML
Portfolios:   cayt
Panel A. R
f
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.05 [-0.26,0.35] (0.26) [0.22] {0.48} 0.08
8 -0.11 [-0.82,0.57] (-0.26) [-0.22] {-0.58} 0.10
12 -0.43 [-1.56,0.70] (-0.62) [-0.54] {-1.48} 0.67
16 -0.67 [-2.55,1.21] (-0.59) [-0.47] {-1.78} 0.97
20 -0.73 [-3.37,1.91] (-0.46) [-0.35] {-1.75} 0.84
Panel B. RM − R
f
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 6.01 [3.40,8.84] (3.74) [3.39] {2.40} 23.37
8 10.25 [6.99,13.32] (5.39) [5.25] {2.33} 38.62
12 13.06 [9.34,16.53] (6.11) [6.69] {1.99} 47.31
16 14.17 [9.67,18.40] (5.46) [5.65] {1.79} 43.49
20 16.61 [11.64,21.40] (5.72) [6.28] {1.91} 43.23
Panel C. SMB
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 0.58 [-1.35,2.52] (0.49) [0.47] {0.36} 0.36
8 -0.20 [-3.99,3.66] (-0.09) [-0.08] {-0.07} 0.02
12 -0.94 [-6.02,4.16] (-0.30) [-0.27] {-0.21} 0.19
16 -2.71 [-9.57,4.18] (-0.65) [-0.63] {-0.47} 1.05
20 -3.31 [-10.89,4.32] (-0.72) [-1.16] {-0.51} 1.30
Panel D. HML
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -1.97 [-5.34,1.26] (-1.00) [-1.08] {-0.82} 3.67
8 -2.29 [-6.15,1.50] (-0.99) [-1.02] {-0.66} 2.65
12 -4.99 [-9.04,-0.99] (-2.05) [-2.36] {-1.27} 8.91
16 -8.00 [-13.70,-2.25] (-2.31) [-2.35] {-1.63} 18.18
20 -11.02 [-17.09,-4.87] (-2.99) [-4.22] {-2.07} 29.41
NOTE - The table reports the estimated slopes ˆ δ1, t-statistics, R2s and 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)]
for the slope coeﬃcients δ1 in the long-horizon regressions of the risk-free rate Rf, the equity-premium RM − Rf, and
the Fama-French SMB and HML portfolios
Rf(t + 1 : t + H) = δ0 + δ1 d cayt + ζ(t + 1 : t + H) (40)
RM(t + 1 : t + H) − Rf(t + 1 : t + H) = δ0 + δ1 d cayt + ζ(t + 1 : t + H) (41)
SMB(t + 1 : t + H) = δ0 + δ1 d cayt + ζ(t + 1 : t + H) (42)
HML(t + 1 : t + H) = δ0 + δ1 d cayt + ζ(t + 1 : t + H) (43)




t+j, RM(t + 1 : t + H) − Rf(t + 1 :
t+H) =
PH
j=1 RM(t+1 : t+H)−R
f
t+j, SMB(t+1 : t+H) =
PH
j=1 SMBt+j, HML(t+1 : t+H) =
PH
j=1 HMLt+j, and
d cayt is from Lettau-Ludvigson (2001). The t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight,
H+1 lags), Hansen-Hodrick (1980) robust t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly
brackets. The 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)] correspond to a 5% one-sided test of the null hypothesis
H0 : δ1 = 0 versus the alternative H1 : δ1 > 0. Portfolio data are quarterly from 1964,1-2001,4.
32Table 13: Test of Predictability for the Risk-Free Rate, the Equity Premium, and the SMB and HML
Portfolios: ∆dt − ∆ct
Panel A. R
f
No. Quarters Slope ˆ δ1 t1 t2 t3 R
2
4 -0.12 (-0.31) [-0.26] {-0.61} 0.12
8 -0.19 (-0.25) [-0.20] {-0.69} 0.08
12 -0.26 (-0.26) [-0.23] {-0.83} 0.08
16 -0.42 (-0.39) [-0.42] {-1.25} 0.13
20 -0.50 (-0.48) [-0.57] {-1.46} 0.13
Panel B. RM − R
f
No. Quarters Slope ˆ δ1 t1 t2 t3 R
2
4 -1.95 (-0.77) [-0.80] {-0.55} 0.62
8 -0.04 (-0.03) [-0.03] {-0.01} 0.00
12 -2.08 (-1.74) [0.00] {-0.39} 0.38
16 -4.57 (-2.56) [0.00] {-0.81} 1.55
20 -6.65 (-3.32) [-3.34] {-1.08} 2.37
Panel C. SMB
No. Quarters Slope ˆ δ1 t1 t2 t3 R
2
4 0.04 (0.03) [0.04] {0.02} 0.00
8 -0.66 (-0.34) [-0.38] {-0.26} 0.05
12 -2.39 (-0.93) [-1.28] {-0.82} 0.40
16 -1.17 (-0.36) [-0.74] {-0.36} 0.07
20 0.89 (0.25) [0.00] {0.24} 0.03
Panel D. HML
No. Quarters Slope ˆ δ1 t1 t2 t3 R
2
4 -2.77 (-1.30) [-1.53] {-1.19} 1.83
8 -4.47 (-1.91) [-2.16] {-1.74} 2.87
12 -3.71 (-1.09) [-1.07] {-1.21} 1.55
16 -3.42 (-0.88) [-0.86] {-1.08} 1.14
20 -3.00 (-0.70) [-0.58] {-0.86} 0.75
NOTE - The table reports the estimated slopes ˆ δ1, t-statistics, and R2s for the slope coeﬃcients δ1 in the long-horizon
regressions of the risk-free rate Rf, the equity-premium RM − Rf, and the Fama-French SMB and HML portfolios
Rf(t + 1 : t + H) = δ0 + δ1 (∆dt − ∆ct) + ζ(t + 1 : t + H) (44)
RM(t + 1 : t + H) − Rf(t + 1 : t + H) = δ0 + δ1 (∆dt − ∆ct) + ζ(t + 1 : t + H) (45)
SMB(t + 1 : t + H) = δ0 + δ1 (∆dt − ∆ct) + ζ(t + 1 : t + H) (46)
HML(t + 1 : t + H) = δ0 + δ1 (∆dt − ∆ct) + ζ(t + 1 : t + H) (47)




t+j, RM(t + 1 : t + H) − Rf(t + 1 :
t+H) =
PH
j=1 RM(t+1 : t+H)−R
f
t+j, SMB(t+1 : t+H) =
PH
j=1 SMBt+j, HML(t+1 : t+H) =
PH
j=1 HMLt+j,
and ∆dt−∆ct is the diﬀerence in (log) growth rates in consumer durables and nondurables. The t-statistics in parentheses
are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust t-statistics are in brackets,
and Hodrick 1B (1992) t-statistics are in curly brackets. Portfolio data are quarterly from 1964,1-2001,4.




No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 4.11 [2.43,6.09] (3.71) [2.87] {4.81} 22.51
8 8.32 [4.14,12.91] (3.13) [2.45] {5.67} 26.21
12 12.62 [5.62,20.34] (2.82) [2.30] {5.94} 30.76
16 16.63 [7.14,27.48] (2.69) [2.33] {6.44} 34.51
20 19.62 [8.36,32.78] (2.64) [2.36] {6.26} 35.20
Panel B. RM − R
f
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -0.10 [-11.45,10.49] (-0.02) [-0.02] {-0.01} 0.00
8 2.82 [-9.09,13.26] (0.42) [0.70] {0.14} 0.14
12 7.77 [-7.79,19.55] (0.94) [0.93] {0.32} 0.88
16 16.78 [-3.99,32.99] (1.50) [1.55] {0.52} 3.51
20 32.47 [8.76,52.25] (2.47) [3.25] {0.82} 9.61
Panel C. SMB
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 -4.15 [-16.30,7.67] (-0.57) [-0.47] {-0.46} 0.75
8 -12.09 [-38.09,15.25] (-0.75) [-0.60] {-0.81} 2.76
12 -16.11 [-58.57,26.65] (-0.62) [-0.53] {-0.85} 3.00
16 -15.56 [-72.55,40.83] (-0.45) [-0.41] {-0.66} 1.98
20 -9.22 [-71.11,55.10] (-0.24) [-0.23] {-0.35} 0.59
Panel D. HML
No. Quarters Slope ˆ δ1 [δ1(ρ), δ1(ρ)] t1 t2 t3 R
2
4 6.32 [0.21,14.61] (1.45) [1.50] {0.99} 1.51
8 10.57 [-0.01,22.04] (1.58) [1.47] {0.95} 2.64
12 17.41 [2.78,34.26] (1.83) [1.80] {1.09} 5.70
16 19.07 [4.78,38.01] (1.90) [2.43] {0.94} 5.93
20 16.53 [4.92,33.88] (1.89) [7.53] {0.66} 3.85
NOTE - The table reports the estimated slopes ˆ δ1, t-statistics, R2s and 90% Bonferroni conﬁdence intervals [δ1(ρ), δ1(ρ)]
for the slope coeﬃcients δ1 in the long-horizon regressions of the risk-free rate Rf, the equity-premium RM − Rf, and
the Fama-French SMB and HML portfolios
Rf(t + 1 : t + H) = δ0 + δ1 wt/Ct + ζ(t + 1 : t + H) (48)
RM(t + 1 : t + H) − Rf(t + 1 : t + H) = δ0 + δ1 wt/Ct + ζ(t + 1 : t + H) (49)
SMB(t + 1 : t + H) = δ0 + δ1 wt/Ct + ζ(t + 1 : t + H) (50)
HML(t + 1 : t + H) = δ0 + δ1 wt/Ct + ζ(t + 1 : t + H) (51)




t+j, RM(t + 1 : t + H) − Rf(t + 1 :
t+H) =
PH
j=1 RM(t+1 : t+H)−R
f
t+j, SMB(t+1 : t+H) =
PH
j=1 SMBt+j, HML(t+1 : t+H) =
PH
j=1 HMLt+j, and
wt/Ct is the aggregate labor income (deﬁned as in Lettau and Ludvigson (2001)) over the nondurable consumption. The
t-statistics in parentheses are Newey-West (1987) corrected (Bartlett weight, H+1 lags), Hansen-Hodrick (1980) robust
t-statistics are in brackets, and Hodrick 1B (1992) t-statistics are in curly brackets. The 90% Bonferroni conﬁdence
intervals [δ1(ρ), δ1(ρ)] correspond to a 5% one-sided test of the null hypothesis H0 : δ1 = 0 versus the alternative
H1 : δ1 > 0. Portfolio data are quarterly from 1964,1-2001,4.
34